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Abstract 14	
Empirical orthogonal functions (EOFs) of indirect archives of environmental change are 15	
increasingly used to identify coherent trends between palaeoclimate records, to separate 16	
externally forced patterns from locally driven idiosyncrasies. Lake sediments are particularly 17	
suited to such syntheses: they are abundant in most landscapes and record a wide array of 18	
information, yet local complexities often conceal or confuse the climate signal recorded at 19	
individual sites. Lake sediment parameters usually exhibit non-linear, multivariate and 20	
indirect responses to climate, therefore identifying coherent patterns between two or more 21	
lake records presents a complex challenge. Ideally, the selection of representative variables 22	
should be non-subjective and inclusive of as many different variables as possible, allowing 23	
for unexpected correlations between sites. In order to meet such demands, we propose a two-24	
tier ordination procedure whereby site-specific (local) ordinations, obtained using Detrended 25	
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Correspondence Analysis (DCA), are nested within a second, regional EOF. Using the local 26	
DCAs as representative variables allows the retention of a larger fraction of variance from 27	
each site, removes any subjectivity from variable selection and retains the potential for 28	
observing multiple, coherent signals from within and between each dataset. We explore this 29	
potential using four decadally resolved diatom records from volcanic lakes in Western 30	
Victoria, Australia. The records span the 1000 years prior to European settlement in CE 1803. 31	
Our analyses reveal at least two coherent patterns of ecological change that are manifest in 32	
each of the four datasets, patterns which may have been overlooked by a single-variable, 33	
empirical orthogonal function approach. This intra-site coherency provides a valuable step 34	
towards understanding multi-decadal hydroclimate variability in southeastern Australia.  35	
 36	
Introduction 37	
Our understanding of Southern Hemispheric climate variability on multi-decadal to multi-38	
centennial timescales is limited by a scarcity of quantitative, sub-decadally resolved climate 39	
records, a problem which is particularly manifest in Australia. To date there are only three 40	
annually resolved palaeoclimate records from Australia which extend further back in time 41	
than the most recent c. 350 years, and those are located in the latitudinal extremes of 42	
Tasmania and the northern tropics (Cook et al., 2000; Haig et al., 2014; Neukom and Gergis, 43	
2012; PAGES 2k Consortium, 2013). By contrast, a number of sedimentary records exist, 44	
from shallow coastal/marine areas, lakes, peat bogs and speleothems, some of which span 45	
multiple millennia at sub-decadal resolution, but limited by some degree of chronological 46	
uncertainty (Barr et al., 2014; Dodson et al., 1994; Mills et al., 2013; Mooney, 1997; 47	
Saunders et al., 2013; Saunders et al., 2012; Wilkins et al., 2013). In most cases, these 48	
archives offer indirect records of climate change, via geochemical, sedimentological and 49	
palaeoecological properties, limiting the potential for deriving quantitative climate records. 50	
However, identification of coherent patterns amongst multiple datasets can provide 51	
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convincing evidence for regional scale climate or hydrological change. Importantly, by 52	
combining datasets, it is possible to separate patterns of externally forced climate variability 53	
from the idiosyncrasies which may exist within stand-alone records. Such potential has been 54	
highlighted by the use of empirical orthogonal functions (EOFs), derived using principal 55	
components analysis (PCA), in order to identify the coherent patterns between multiple 56	
records within regional and global palaeoclimate datasets (Anchukaitis and Tierney, 2012; 57	
Clark et al., 2009; Clark et al., 2007; Clark et al., 2012; Shakun and Carlson, 2010; Shakun et 58	
al., 2012; Tierney et al., 2013).  59	
The use of EOFs is well grounded in climate and palaeoclimate research, but the majority of 60	
studies have applied the technique to either instrumental data or annually resolved 61	
palaeoclimate records such as tree ring or coral datasets (Mann et al., 1998; Smith et al., 62	
1996; Weare et al., 1976). The extraction of EOFs from sedimentary archives represents a 63	
particular challenge due to the uncertainties associated with both dating and climatic 64	
interpretation. Recent implementation of Monte Carlo iterative age modelling within EOF 65	
analyses represents a valuable step towards dealing with age uncertainty in sediment records 66	
(Anchukaitis and Tierney, 2012; Shakun and Carlson, 2010). However, an ongoing issue with 67	
sediment based EOFs relates to the multivariate nature of many sedimentary records. Most 68	
sedimentary archives contain multiple lines of information, including geochemical 69	
parameters, microfossil remains or sedimentological properties. In the usual absence of 70	
quantitative palaeoclimate reconstructions (e.g. temperature, rainfall; Saunders et al. 2012; 71	
2013), the selection of representative variables from each site remains a source of ambiguity. 72	
It is impossible to include all of these variables within a regional ordination: doing so would 73	
fail the criterion of data independence and potentially bias the analysis to the site which 74	
contributes the most variables. However, selecting a single representative timeseries from 75	
each site can be subjective and can undermine the explorative element of the analysis. In 76	
addition, reducing a detailed matrix to a single variable leads to the loss of potentially 77	
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relevant information and discards the considerable effort and time invested in collecting the 78	
data in the first place.  79	
One particular consequence of reducing multivariate palaeoecological data to single variables 80	
prior to EOF analysis is that it undermines the possibility of observing correlations between 81	
secondary modes of variability at two or more sites, despite the intuitive likelihood of such 82	
correlations existing. Lake ecosystems are subjected to a variety of external and internal 83	
forces, which ultimately determine the expression of their sedimentary record (Battarbee, 84	
2000; Mills et al., 2014; Smol et al., 2005; Wigdahl et al., 2014). Neighbouring lake systems 85	
exhibit different sensitivities to external forcing: a hypothetical ‘Site A’ might respond 86	
dramatically to changes in rainfall, through changes in lake level, whilst the effect of rainfall 87	
upon ‘Site B’ might manifest in a more muted physical/ecological response, e.g. through 88	
changing nutrient balance or lake water stratification. In such a scenario, even though rainfall 89	
changes do affect ‘Site B’, a comparison of the major patterns of ecological change at both 90	
sites would reveal limited coherency. Existing approaches to regional data syntheses do not 91	
allow for such variable climate-lake interactions. We therefore propose an alternative 92	
approach to exploring regional coherency between sedimentary archives using two-tiered 93	
nested ordinations. This involves reducing each site-specific multivariate dataset to a series of 94	
orthogonal variables using established methods of ecological data dimension reduction (in 95	
this case, Detrended Correspondence Analysis; DCA). The DCA sample scores of all site 96	
specific ordinations (hitherto termed ‘local DCAs’) are then combined within a 'regional' 97	
(multiple site) EOF analysis, which is performed using PCA following previous studies. The 98	
approach is applied to a suite of four diatom records from volcanic lakes in Western Victoria, 99	
Australia, which span the millennium prior to European colonisation (CE 800 – 1800). 100	
Coupled with iterative age modelling to account for age uncertainty similar to Anchukaitis 101	
and Tierney (2012), our approach provides a flexible, multi-layered means of exploring 102	
coherency between multivariate sediment records which allows for the detection of multiple 103	
patterns of change.  104	
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 105	
 106	
Sites and Methods 107	
Four sedimentary diatom records were selected from lakes within the western Victorian 108	
Volcanic Plains, Australia. Those sites were Lake Purrumbete, Lake Elingamite, Lake 109	
Surprise and Tower Hill Main Lake (Figure 1). Each of the lakes is situated in a late 110	
Pleistocene volcanic crater, located within 50 km of the western coastline of Victoria. The 111	
climate of this region is Mediterranean in character, with cool, wet winters and mild, dry 112	
summers. The four study sites were selected based on their proximity to each other, 113	
similarities in lake and catchment morphology and size and because for each site there is a 114	
recently derived diatom record which spans the last >1200 years at decadal or sub-decadal 115	
temporal resolution. Given the sparse distribution of high-resolution records for the entire 116	
Australian continent, let alone the Southern Hemisphere, this collection of similar datasets 117	
from western Victoria represents a significant palaeoclimate resource.  118	
All datasets used in this study bar one have been published, and therefore collection of 119	
sediment cores and subsequent diatom analyses are discussed in those papers and reports 120	
(Barr, 2010; Barr et al., 2014; Mills et al., 2013). All raw diatom data are available via the 121	
NOAA Palaeoclimatology Database (http://www.ncdc.noaa.gov/data-122	
access/paleoclimatology-data). The previous papers and reports describe the dating 123	
techniques employed, using a combination of radiocarbon analysis (of plant macrofossils, 124	
pollen extracts and acid resistant organic material), 210Pb dating of recent sediments and the 125	
use of exotic pollen horizons in comparison with the known age of local European 126	
colonisation. In some cases, the original authors were led to reject certain anomalous 127	
radiocarbon ages, and those decisions are mirrored here. For Lake Elingamite and Lake 128	
Surprise, a radiocarbon age offset was estimated based on differences between 14C and 210Pb 129	
dates in the upper sediments (480 ± 44 years and 424 ± 74 years respectively; Barr et al. 130	
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2014). These offsets, which are interpreted to reflect the influence of radiometrically old 131	
groundwater derived carbon, are also used here for consistency.  132	
Age-depth models were derived using the CLAM program in R (Blaauw, 2010). In order to 133	
maintain a consistent approach throughout, each of the four age models was constructed using 134	
smoothed spline interpolation, with a relatively rigid smoothing factor of 0.6 chosen as one 135	
which adequately captures the distribution of age constraints for all sites. 14C ages were 136	
calibrated against the Southern Hemisphere 14C master chronology (Hogg et al., 2013), with 137	
age uncertainties based on 10,000 Monte Carlo iterations (Blaauw, 2010).   138	
In an approach which largely follows Anchukaitis and Tierney (2012), palaeoenvironmental 139	
timeseries were generated and analysed within an iterative age modelling framework to 140	
address the imprecision of radiocarbon- based chronologies. For each of the 10,000 CLAM 141	
derived site-specific age models, each dataset was linearly interpolated, resampled at 5 year 142	
intervals and truncated to the period 1180-150 years before CE 1950 (calibrated years before 143	
present, cal. B.P.). This time period was selected based on (a) the youngest age iteration for 144	
the bottommost sample from Lake Surprise, the shortest of the records examined and (b) the 145	
need to exclude all data affected by post-European land use change, which has had marked, 146	
non-climatic influences on each of the lake sites studied (Barr et al., 2014; Mills et al., 2013). 147	
The interpolation step in our analyses mirrors previous studies (Anchukaitis and Tierney, 148	
2012; Shakun and Carlson, 2010), however we acknowledge that this is a suboptimal solution 149	
due to the potential alteration of the inherent variance in the timeseries. Future studies should 150	
consider more complex, computationally intensive modeling-based approaches which are 151	
outside the scope of this paper. Interpolation and truncation were carried out prior to any 152	
statistical analysis because doing so afterwards can result in biased ordination results, 153	
including the introduction of correlations between axes which were initially (by design) 154	
orthogonal. For each site, we therefore generated 10,000 different matrices, where the 155	
columns represent diatom species and the rows represent five-year time intervals. Each value 156	
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within an individual matrix is an interpolated species count (expressed as a %), varying 157	
according to the fitted age model and associated interpolation.   158	
Site specific datasets were processed using detrended correspondence analysis (DCA; Hill, 159	
1979; Hill and Gauch, 1980) upon each interpolated matrix to reduce the multi-dimensional 160	
dataset to a lower-dimensional subset, free of internal correlations. We used DCA, over the 161	
more commonly used principal components analysis (PCA), because PCA is not well suited 162	
to palaeolimnological diatom data, which are non-linear, have a high beta diversity and which 163	
contain a large percentage of zero observations (Birks et al., 2012; Legendre and Legendre, 164	
1998; Minchin, 1987). Alternative ordination techniques for the treatment of non-linear 165	
biological data were explored, including PCA with Hellinger transformation (PCA-H; 166	
Legendre and Gallagher, 2001), correspondence analysis (CA; Greenacre, 1984) and non-167	
metric multidimensional scaling (nMDS; Clarke and Warwick, 2001; Kruskal, 1967; 168	
Minchin, 1987). nMDS is probably the most robust method for the treatment of biological 169	
data (Faith et al., 1987; Minchin, 1987), however in the k dimensional ordination maps 170	
produced by nMDS, those k dimensions are not independent and thus nMDS can not be used 171	
to extract independent orthogonal vectors that summarise patterns of ecological change (P. 172	
Minchin and G.L. Simpson, pers. comm.). In addition, we observed that PCA-H and CA 173	
produced artifactual biases within the ordinations (known as ‘horseshoe’ and ‘arch’ effects 174	
respectively). We therefore concluded that DCA produces the most satisfactory ordinations 175	
for our purpose. Although DCA is commonly used in ecology, it has been subjected to some 176	
criticism. In DCA, the arch effect is removed by detrending in segments (Hill, 1979) which is 177	
considered an inelegant, manipulative and potentially subjective solution (Legendre and 178	
Gallagher, 2001). In addition, the chi-squared distance metric used in both CA and DCA has 179	
been criticised as a poor approximation of ecological distance (Faith et al., 1987). With this in 180	
mind, we verified our DCA ordinations against two-dimensional nMDS, and found that both 181	
methods inferred similar relationships between samples. We are therefore satisfied that DCA 182	
captured robust, ecologically significant patterns. DCA was performed using decorana within 183	
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VEGAN for R (Hill, 1979; Oksanen et al., 2008). Prior to analysis, the interpolated 184	
percentage species data were first square-root transformed and rare species were 185	
downweighted. nMDS was performed using metaMDS within VEGAN (Oksanen et al., 2008) 186	
using Bray-Curtis similarity matrices (Faith et al., 1987). A qualitative comparison between 187	
the DCA axes and previously reported diatom inferred conductivity (salinity) reconstructions 188	
for each of these sites was facilitated by plotting smooth response surfaces in the ordination 189	
diagrams. Response surfaces were based on Generalised Additive Modelling (GAM), 190	
embedded within the ordisurf function within VEGAN (Oksanen et al., 2008).  191	
Regional (multiple site) EOFs, which summarise the common patterns of variability within 192	
the whole dataset (in this case, the first three DCA axis scores for all sites), were obtained by 193	
PCA using rda within VEGAN (Oksanen et al., 2008). As with the local DCAs, regional PCA 194	
was performed for each of the 10,000 iterated age models. Previous applications of PCA 195	
using sedimentary data have required standardisation by subtracting the mean and setting the 196	
standard deviation to unity (Anchukaitis and Tierney, 2012; Clark et al., 2007; Shakun and 197	
Carlson, 2010), but in this case the use of local DCAs meant that no further data 198	
standardisation was required. Different iterations generated regional EOFs of alternating sign, 199	
however because the sign of an EOF is irrelevant, all regional EOF iterations were screened 200	
for correlation, and those which were inversely correlated to the first iteration were multiplied 201	
by –1. For each of the local DCAs, and for the regional EOFs, the 68% and 90% confidence 202	
intervals were calculated, which serve to provide error estimates associated with uncertainties 203	
in age model determination. The number of significant EOFs was screened by comparing a 204	
screeplot of variance explained with a random distribution based upon a broken stick model, 205	
following Bennett (1996). 206	
 207	
Results 208	
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Age-depth models (Figure 2) mirror those published elsewhere (Barr et al., 2014; Mills et al., 209	
2013). Lake Elingamite and Lake Surprise both have >5 radiocarbon age constraints younger 210	
than 1500 cal. B.P., although both datasets are associated with large uncertainty around the 211	
initial age determinations (Figure 2). Lake Purrumbete and Tower Hill Main Lake have only 212	
three radiocarbon dates, spaced at ~2000 and ~1000 years respectively. These 14C 213	
measurements have smaller uncertainties, and both sets of dates are consistently 214	
stratigraphically ordered. However the paucity of age constraints younger than 1000 cal. B.P. 215	
is undoubtedly a source of potential error.     216	
DCA biplots (Figure 3) depict the most common species associated with major modes of 217	
ecological change at each site. For three of the sites, only taxa with a maximum abundance 218	
≥5% in at least one sample are displayed in order to reduce the number of taxa to around 10. 219	
This cutoff was not feasible for Lake Surprise, which has 29 taxa with a maximum abundance 220	
>5%, and 23 taxa with a maximum abundance >10% (as plotted in Figure 3c). This large 221	
number of occasionally dominant taxa at Lake Surprise indicates a large degree of species 222	
turnover and ecological instability. A more detailed discussion of the diatom species 223	
composition of each sediment core can be found elsewhere (Barr, 2010; Barr et al., 2014; 224	
Mills et al., 2013). For Lakes Tower Hill and Purrumbete, the first two DCA axes correlate 225	
with diatom-inferred conductivity (Figures 3b and 3d). However for Lake Elingamite (Figure 226	
3a), and particularly for Lake Surprise, the relationship is more complex, whereby high 227	
conductivity estimates are associated with both positive and negative scores on both DCA 228	
axes (Figure 3c).   229	
Visual examination of the site specific DCA axes, plotted in time, reveals similar patterns 230	
between sites (Figure 4), some of which are statistically significant correlations. In particular, 231	
DCA 1 from both Tower Hill and Elingamite and DCA 2 from Purrumbete correlate (r > 0.5 232	
or r < –0.5, based on mean values) (Figure 4). These three local DCAs exhibit a pattern of 233	
increasing (decreasing) values between 1200-700 cal. B.P. and decreasing (increasing) values 234	
between c. 700-200 cal. B.P. (Figure 4). By contrast, DCA 1 from Purrumbete and Surprise, 235	
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DCA 2 from Tower Hill and DCA 3 from Elingamite all exhibit long term trends of 236	
decreasing (increasing) values between 1200-200 cal. B.P. (Figure 4). DCA 3 from 237	
Purrumbete and Tower Hill exhibit clear variability over shorter (centennial-bicentennial) 238	
timescales, yet they do not appear to directly match up – a comparison which is not aided by 239	
the age uncertainties in these records (Figure 4).  240	
Principal components analysis identifies two regional EOFs which explain a significant 241	
proportion of the variance within the local EOFs, assessed using the broken stick approach 242	
(Figure 5). Of the total variance, regional EOF 1 explains a mean of 27% and regional EOF 2 243	
axis explains a mean 21%, with a cumulative sum of 48%. Such values are comparable to 244	
similar studies from other regions (e.g. Anchukaitis and Tierney, 2012).  245	
The temporal patterns in regional EOFs 1 and 2 are also consistent with the qualitative 246	
assessment of their constituent local DCAs (Figure 6a). Regional EOF 1 exhibits a gradual 247	
increase between 1200-600 cal. B.P. followed by a slight decrease between 500-200 cal. B.P. 248	
(Figure 6a). This pattern best corresponds with local DCA 1 from Lake Purrumbete, although 249	
many of the other local DCAs also exhibit substantial positive or negative loading upon this 250	
axis (Figure 7). The suggestion is that EOF 1 captures a long term trend which is a consistent 251	
feature of all datasets. Regional EOF 2 exhibits a decrease between 1200-700 cal. B.P. and an 252	
increase between 700-400 cal. B.P. (Figure 6a). This pattern corresponds well with Tower 253	
Hill DCA 1, Purrumbete DCA 2, Elingamite DCA 1 and Surprise DCA 1 – i.e. it appears to 254	
be representative of the primary pattern of ecological change at three of the four sites (Figure 255	
7).  256	
 257	
Discussion 258	
Methodological Considerations 259	
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Multi-site data syntheses are becoming an increasingly common feature of palaeoclimate 260	
research, providing both a means of exploring large datasets for coherent signals (Anchukaitis 261	
and Tierney, 2012; Clark et al., 2007; Nicholson et al., 2013; Shakun and Carlson, 2010) and 262	
of testing hypotheses on the nature of and controls behind global scale climate changes (Clark 263	
et al., 2009; Shakun et al., 2012; Tierney et al., 2013). The Monte Carlo Empirical Orthogonal 264	
Function of Anchukaitis and Tierney (2012) is a particularly useful methodological 265	
development, allowing for rigorous comparison of palaeoclimate timeseries within the age 266	
errors inherent to all sedimentary archives. However, despite such advances, uncertainties 267	
remain concerning the selection of variables for inclusion in such syntheses, which in the 268	
most part remains a largely subjective process. For example, the Anchukaitis and Tierney 269	
(2012) synthesis of East African palaeoclimate records involved a range of data types, 270	
including varve thickness, percentage of benthic diatom species, magnetic susceptibility and 271	
calcite Mg/Ca ratios. Although each of these variables can be qualitatively attributed to local 272	
hydrology or climate, none have been calibrated against a particular climate variable, the 273	
sensitivity of a those variables to climate change may vary geographically or through time 274	
and it is unclear to what extent they represent the overall patterns of environmental change at 275	
each site. Without having quantitative climate proxies to select, the need to limit multivariate 276	
datasets to a single variable, and the process of identifying which variable to use, represents a 277	
potentially major source of lost information.  278	
In this study, our objective was to explore coherency between multiple multivariate datasets 279	
assuming no prior knowledge of each record, and with no a priori expectations for the pattern 280	
that would emerge. In response to the problem of selecting variables, we propose an 281	
alternative approach: to identify multiple representative signals from each site - obtained 282	
using local DCA analysis - and to include all of those signals within a regional EOF. The 283	
local DCAs produce a suite of independent variables and by retaining a larger amount of 284	
information, we retain the ability to explore multiple modes of variability between multiple 285	
sites. Performing DCA on each multivariate dataset removes any subjectivity related to data 286	
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selection, and with the objective to identify vectors which explain as much of the initial 287	
variance as possible, the derived variables can be assumed to be representative of the 288	
ecological patterns at each site. A similar approach was taken by Tierney et al. (2013), 289	
whereby three variables from Lake Challa were reduced to a single local EOF 1 prior to 290	
inclusion within the regional analysis, however in this case only hydrologically sensitive 291	
variables were used and the lower order EOFs were not included in the final analysis.  292	
All previous syntheses of sedimentary data have used PCA to derive EOFs, despite the fact 293	
that PCA is poorly suited to the non-linearity of many data types, most notably 294	
palaeoecological data (Birks et al., 2012; Jongman et al., 1987; Legendre and Legendre, 295	
1998). Our two-tiered ordination approach allows the application of more appropriate 296	
methods of ordination and transformation according to the nature of each specific dataset. 297	
Amongst other benefits, performing ordination using each site specific dataset essentially 298	
normalises the data to standard mean and variance, removing the requirement to undertake 299	
any further data transformation prior to the multi-site analysis (cf. Emile-Geay and Tingley, 300	
2014 - in press). In this study, we used detrended correspondence analysis (DCA) to process 301	
each diatom microfossil dataset. DCA is well suited to biological datasets because it accounts 302	
for the non-linearity of species-environment responses by assuming unimodal response curves 303	
(Hill and Gauch, 1980). Our approach is also flexible to the possibility of including single 304	
variable records (e.g. speleothem 18O, tree ring width) for comparison with multivariate 305	
datasets. In addition to PCA based EOFs of single variables, a number of techniques have 306	
been employed to compare multivariate ecological datasets. For example, patterns of species 307	
overturn between different organisms, or at different sites, have been traced using detrended 308	
canonical correspondence analysis (Birks, 2007; Smol et al., 2005) or principal curves 309	
analysis (Davidson et al., 2013; Simpson and Birks, 2012), whereas ordinations can be 310	
compared directly using procrustes analysis (Chen et al., 2010; Davidson et al., 2007; Peres-311	
Neto and Jackson, 2001; Wischnewski et al., 2011a; Wischnewski et al., 2011b). However, 312	
none of these methods result in the isolation of representative timeseries that summarise 313	
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coherent patterns of inter-site variability. In this respect, we consider PCA derived EOFs to be 314	
a sufficiently appropriate tool. By nesting local DCAs within a regional EOF, our approach is 315	
analogous to tree ring based palaeoclimatology, where densely sampled regional 316	
dendroclimatic data sets are represented by a smaller number of leading principal components 317	
in order to ensure that regions can be compared within a global network (e.g. Mann et al., 318	
1998). 319	
One source of uncertainty in our study relates to the imprecision of the age-depth models 320	
available for each core (Figure 2). Our treatment of age uncertainties is similar to that of 321	
Anchukaitis and Tierney (2012), but with some differences. For the sake of simplicity and 322	
consistency with other studies, we took the age-depth iterations directly from CLAM 323	
(Blaauw, 2010), which imparts no constraints other than rejecting age models which reverse 324	
with depth. This simple approach is considered parsimonious given the relatively few age 325	
constraints available for each site. However, in situations where more detailed age models are 326	
available, more sophisticated Bayesian based calibration tools could be implemented (e.g. 327	
Blaauw and Christen, 2011; Bronk Ramsey, 2008). Chronological imprecision likely has 328	
contrasting effects on the final EOFs extracted. On one hand, broad dating errors increase the 329	
likelihood of finding correlations between two timeseries, regardless of whether those 330	
correlations would exist in ‘real’ time. Certainly, two records which exhibit similar patterns 331	
but which are phase lagged will not be identified as such. On the other hand, if coherent and 332	
inherently linked patterns do occur between multiple records, an age iterated EOF approach 333	
will frequently identify them, essentially confirming visual impressions within the limits of 334	
chronological error. However, it is worth noting that the final EOF will ultimately converge 335	
upon an age model which reflects the individual record with the most precise chronology. In 336	
essence, this is not dissimilar to building age models based upon climate signal 'wiggle 337	
matching', a practice which is widely frowned upon in palaeoclimate research (Blaauw, 338	
2012). As a consequence, no EOF should be interpreted in isolation from the original data, 339	
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with particular attention paid to the accuracy as well as precision of the age models 340	
concerned.  341	
 342	
Interpretation of Diatom Patterns 343	
The local DCA axes, by design, depict the major patterns of change within each diatom 344	
dataset (Table 1 and Figures 3 and 4). For each site, these local DCA axes primarily relate to 345	
hydrological change. One objective of this paper is to look beyond transfer function derived 346	
reconstructions, both due to limitations in understanding of the ecological preferences of 347	
diatoms within Australian wetlands and to problems with the use of transfer functions in 348	
general (Barr et al., 2014; Juggins, 2013). Nevertheless, the previously published conductivity 349	
(salinity) estimates for each of these sites provide a useful additional means of qualitatively 350	
interpreting the local DCA axes (Figure 3). At Lake Purrumbete and Lake Tower Hill, both 351	
local DCA axes correlate with diatom inferred conductivity, suggesting that hydroclimatic 352	
changes are a major source of variability in the diatom communities at these sites (Figures 3b 353	
and 3d). Lake Purrumbete has not undergone marked lake level change since European 354	
settlement (Leahy et al., 2010) and it has a sediment record which consists predominantly of 355	
planktonic and facultative planktonic diatoms (Table 1; Tibby et al., 2012). Diatom species 356	
changes at Lake Purrumbete most likely reflect changes in salinity, nutrient concentrations 357	
and physical limnology, factors which are indirectly affected by climate variability (Tibby 358	
and Tiller, 2007). DCA 2 from Lake Purrumbete is characterised by a shift from one group of 359	
deep water phytoplanktonic taxa, dominated by Discostella pseudostelligera and Aulacoseira 360	
pusilla to another dominated by Discostella stelligera (Table 1; Figure 3b). Similar shifts 361	
between these taxa have previously been attributed to changes in the degree of lake water 362	
mixing at Lake Purrumbete and elsewhere, whereby Discostella stelligera is more common in 363	
stratified waters (Tibby et al., 2012; Wang et al., 2008). Lake stratification is favoured by 364	
warm, dry conditions, which would also promote higher levels of salinity through lake water 365	
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evaporation. The diatom ecological changes associated with the major DCA axes at Tower 366	
Hill are less tangible from a habitat perspective: the majority of taxa are benthic species with 367	
either epiphytic, epipelic or facultative planktonic life strategies (e.g. Sellaphora pupula, 368	
Tabellaria fasiculata, Table 1). At Tower Hill, it is feasible that changes in lake water salinity,	369	
ionic composition, light attenuation or associated hydrological shifts were responsible for 370	
changes in diatom species through time.   371	
At Lake Elingamite, hydroclimatic change is clearly manifest as evidence for lake level 372	
change, where the local DCA 1 depicts a shift between shallow water benthic or facultative 373	
planktonic taxa (Staurosirella construens var. construens, Staurosirella pinnata, 374	
Psammothidium sacculum) and deeper water, planktonic taxa (Fragilaria crotonensis, 375	
Discostella stelligera, Discostella pseudostelligera) (Table 1; Figure 3a). It is therefore 376	
reasonable to interpret the DCA 1 from Lake Elingamite as being a negative function of 377	
changes in lake water depth and salinity, which in turn is influenced by changes in effective 378	
moisture. The hydrological sensitivity of Lake Elingamite to climate variability is evident 379	
from the lake level changes at this site during the last century (Barr, 2010; Barr et al., 2014). 380	
For Lake Surprise, neither of the first two DCA axes consistently relate to diatom-inferred 381	
conductivity (Figure 3c). DCA 1 exhibits both positive and negative association with 382	
conductivity, depending on whether DCA 2 is either positive or negative (Figure 3c). The 383	
major pattern in DCA 1 is a contrast between a group of predominantly benthic taxa 384	
(Achnanthidium minutissimum, Nitzschia palea and Encyonopsis ruttneri) which associate 385	
with positive DCA 1 values and a group of planktonic taxa (Discostella stelligera, 386	
Stephanodiscus hantzschii and Cyclostephanos dubius) which associate with negative DCA 1 387	
values (Table 1; Figure 3c). DCA 2 at Lake Surprise describes a contrast between two groups 388	
of planktonic diatom taxa (Discostella stelligera and Discostella pseudostelligera vs. 389	
Stephanodiscus hantzschii and Cyclostephanos dubius) which may relate to changes in water 390	
chemistry or lake water stratification patterns (Table 1; Figure 3c).  391	
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The regional EOFs agree well with the individual local DCAs from which they are based 392	
(Figures 6 and 7). It appears that regional EOF 1 traces a long term, 'background' signal which 393	
is evident in most of the records, and the principle mode of change at Lake Purrumbete. By 394	
contrast, regional EOF 2 illustrates the major mode of change at the other three sites, being 395	
prominently expressed in DCA 1 from Tower Hill, Lake Elingamite and Lake Surprise, as 396	
well as DCA 2 from Lake Purrumbete (Figure 6a). The results therefore suggest that each of 397	
the four sites underwent ecological changes which followed similar trajectories and timing, 398	
although not necessarily in the same manner. Common ecological trajectories need not be 399	
climatically driven: they can occur in response to regional scale environmental changes, such 400	
as land surface and lake ecosystem development following a geological event (e.g. volcanic 401	
eruption) or major climate/environment rebound, as can be observed during the retraction of 402	
deserts or following glacial retreat (Anderson et al., 2012; Engstrom et al., 2000). However, 403	
given the sensitivity of these sites to hydrological change, and the further connection between 404	
diatom taxa and hydrologically driven changes in lake water salinity and water depth, it is 405	
reasonable to infer that the regionally coherent patterns of change relate to a common climate 406	
forcing.  407	
 408	
In addition to identifying common patterns of change amongst sites, there is potential with 409	
our approach to identify and isolate the differences exhibited by individual sites relative to the 410	
collective regional signal. This would provide a quantitative tool to explore the variable 411	
responses of aquatic ecosystems to climate or other widespread environmental changes over 412	
timescales of decades to millennia. Such analyses are beyond the scope of this paper, but they 413	
might ideally utilise additional, quantitative palaeoclimate reconstructions as explanatory 414	
variables and involve a detailed analysis of the site-specific factors (lake bathymetry, 415	
catchment morphology, soil or vegetation composition, geographic position) that lead to 416	
divergences in ecosystem response through time. Such a study would also facilitate a critique 417	
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of the validity of using a single lake sediment record as an archive of regional environmental 418	
change, or identify the features of those lakes that are indeed sentinels of widespread patterns.  419	
 420	
Environmental change in southeastern Australia during the last millennium 421	
Ongoing and future data synthesis research aims to implement the approach outlined here, as 422	
well as published alternatives, to integrate a range of palaeoclimate records from Australia 423	
and its surrounding regions. In the interim, here we compare the Victorian diatom regional 424	
EOFs with key palaeoclimate records from south-eastern Australia to qualitatively 425	
demonstrate the consistency of our results within a regional climatic framework. Long term 426	
records of environmental change in southeastern Australia suggest a progressive decline in 427	
rainfall occurred since the mid-Holocene, culminating at ~2000 cal B.P., at which point Lake 428	
Keilambete water depth was at its lowest, and Lake Tyrrell in inland Victoria completely 429	
dried out (Bowler and Hamada, 1971; De Deckker, 1982; Gouramanis et al., 2013). More 430	
recently, diatom-inferred salinity reconstructions from Lake Elingamite and Lake Surprise 431	
indicate a marked period of low effective moisture occurred at ~1200 cal B.P. which was 432	
followed by a progressive decrease in lake water salinity (increased effective moisture) until 433	
~150 cal B.P. (Barr et al., 2014). A similar pattern can be observed in the frequency of 434	
carbonate laminae deposition in Lakes Keilambete and Gnotuk, Victoria (Figure 6b), which 435	
can also be interpreted as reflecting a progressive increase in effective moisture during the 436	
last millennium (Wilkins et al., 2012; Wilkins et al., 2013). These changes are consistent with 437	
the patter of progressive change illustrated by regional EOF 1, which might reflect both an 438	
increase in rainfall since ~2000 cal B.P. as well as a long term hydrological and ecological re-439	
equilibration following the prolonged period of low rainfall prior to the start of these records.  440	
Regional EOF 2 can also be interpreted as a pattern of hydroclimate change which is manifest 441	
as the major pattern of change at all sites except Lake Purrumbete (Figures 4 and 6a). 442	
Referring back to the local DCA analyses suggests that EOF 2 is best interpreted as a positive 443	
	 18
function of regional moisture balance, i.e. deeper, less saline lakes, reflecting either higher 444	
rainfall, reduced evaporation or increased groundwater flow. The hydrological sensitivity of 445	
EOF 2 is illustrated by the similarity with the low frequency component in diatom-inferred 446	
conductivity from Lake Elingamite (Figure 6b). Other lakes in the region exhibit similar 447	
patterns of change, most notably Blue Lake, Mt. Gambier, South Australia, whereby oxygen 448	
isotope measurements from ostracods suggest an increase in evaporation relative to 449	
precipitation between 1100-500 cal B.P., followed by a reversal of that trend between 500-450	
150 cal B.P. (Figure 6b; Gouramanis et al., 2010). A sediment pigment-inferred rainfall 451	
reconstruction from Rebecca Lagoon in Tasmania also implies that the period prior to 500 cal 452	
B.P. was relatively dry, followed by an increase in rainfall between 500-100 cal B.P. (Figure 453	
6b; Saunders et al., 2012).  454	
In summary, both regional EOFs, complemented by data from four other lake systems in 455	
southeastern Australia, indicate that between 500-200 cal B.P. south-eastern Australia was 456	
characterised by an increased moisture balance, following a prior period of reduced moisture 457	
balance, supporting the interpretation by Barr et al. (2014).  However the timing and pattern 458	
of change differs between sites, a possible consequence of chronological uncertainty, but also 459	
possibly reflecting differences in the hydrological sensitivity of each system to climate 460	
forcing. A number of factors influence the hydrological sensitivity of lakes, however large 461	
lakes, or those fed by groundwater, are less likely to respond rapidly to short term climate 462	
changes compared to more shallow, isolated lake basins, resulting in markedly lagged 463	
patterns of change between records (Jones et al., 2001; Wigdahl et al., 2014). Differences in 464	
sediment accumulation rate, chemical composition and lake bathymetry are also likely to have 465	
an effect. The limitations of regional EOFs in light of differences in the sensitivity, temporal 466	
resolution and chronological precision between lakes are highlighted by the records from 467	
Lake Elingamite and Rebecca Lagoon, both of which indicate a shorter period of wetter 468	
conditions between ~900-650 cal B.P. which is not manifest in either regional EOF (Figure 469	
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6b). As discussed above, the causes and mechanisms behind these inconsistencies is an 470	
interesting subject for future research.  471	
The pattern depicted in regional EOF 2 is comparable to reconstructed air temperature 472	
changes over Australasia, with lower temperatures and a reduction in the magnitude of inter-473	
decadal variance, from ~500 cal B.P. onwards (Figure 6b; PAGES 2k Consortium, 2013). 474	
Rainfall variability in southeastern Australia is subject to widespread influences, including 475	
changes in the Southern Annular Mode and Indian Ocean Dipole (Hendon et al., 2007; Risbey 476	
et al., 2009; Ummenhofer et al., 2009; Vance et al., 2013). However, it is interesting to note 477	
that both regional EOFs appear to exhibit similar patterns to the frequency of El Niño events 478	
recorded in the sediments of Lago Pallcacocha, Equador, whereby dry conditions in 479	
southeastern Australia correspond to more frequent El Niño events (Figure 6b; Moy et al., 480	
2002). The regional pattern depicted in Figure 6 contrasts with opposite trends recorded in 481	
saline lakes in the Wimmera region of northern Victoria (Kemp et al., 2012) and an increase 482	
in dust transport from the Murray Darling Basin (Marx et al., 2011). In addition, exposed 483	
shorelines from the playa Lake Callabonna, South Australia, suggest a lake high stand 484	
occurred during the Northern Hemisphere’s Medieval Climate Anomaly at a time when 485	
Western Victorian lakes were relatively dry (Cohen et al., 2012). Such spatial heterogeneity 486	
points towards a complex pattern of surface hydrology and seasonality across southeastern 487	
Australia, for which further data generation and synthesis are required for a more complete 488	
understanding (Gouramanis et al., 2013).  489	
 490	
Conclusion 491	
Palaeoclimate research is moving away from the traditional single site approach, towards 492	
utilising the increasing number of datasets, arranged in space, to pick apart the primary 493	
features of climate and environmental change. However, identifying regionally coherent 494	
patterns amongst multiple environmental timeseries can be challenging, particularly since 495	
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such records are usually diverse, age uncertain, non-quantitative and multivariate. Performing 496	
prior site specific (local) ordination is one means of reducing such multivariate datasets to a 497	
limited number of representative variables, and here we demonstrate the potential of this 498	
approach using four diatom records from maar lakes in Western Victoria, Australia. We used 499	
detrended correspondence analysis to reduce the local (site-specific) diatom microfossil 500	
datasets, before applying principal components analysis to identify the regional (between-site) 501	
common patterns. Our analysis reveals coherent signals between all of the four records 502	
studied, suggesting that the lake ecosystems all varied in response to a common external 503	
forcing. Interestingly, the same patterns are not always manifest in the first DCA axis for each 504	
site, thus a similar approach based on single variables from each site might have overlooked 505	
such coherency. The common forcing most likely reflects regional hydroclimatic change, 506	
which have a marked effect on the hydrology of the studied lakes. There is therefore 507	
considerable potential for expanding this approach to identify widespread patterns of 508	
environmental and climate change in Australia and beyond.  509	
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Table Captions 733	
Table 1: List of diatom taxa occurring as >2.5% of any sample from each site and associated 734	
loading upon DCA axes 1-3.  735	
 736	
 737	
Figure Captions 738	
Figure 1: Location of lake sites in western Victoria, Australia. The lake sites studied are 739	
written in bold, italic font and underlined. Other lakes in the region are written in italics, and 740	
nearby towns are written in bold font. In subset B, major cities in the region are written in 741	
lower case italics. Sea is shaded grey in all figures.  742	
 743	
Figure 2: Age-depth plots for each site. Blue and green histograms depict probability  744	
distribution of calibrated radiocarbon and 210Pb ages respectively. Dates excluded in the 745	
original studies are not plotted. Gray shading indicates the 2sd deviation from the most likely 746	
model, based on 10,000 iterations.  747	
 748	
Figure 3: Detrended correspondence analysis (DCA) biplots for each site, depicting 749	
association between samples (coloured points) and common diatom taxa. Diatom taxa were 750	
screened as those with a maximum abundance ≥ 5% for all sites except Lake Surprise, where 751	
the cutoff was ≥ 10%. The point colour depicts the weighted mean calibrated age of each 752	
sample, as indicated in the legend. A quadratic trend surface is plotted in green, depicting the 753	
association between samples and diatom inferred lake water conductivity (salinity), as taken 754	
from the original data sources.  755	
 756	
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Figure 4: Time series of DCA axis scores for each site, with errors based upon 10,000 757	
iterations within the bounds of each age model. Black lines = median timeseries, dark shading 758	
= 90% confidence intervals and pale shading = 68% confidence intervals.  759	
 760	
Figure 5: Screeplot of variance explained (inertia) vs. axis number for PCA analysis of all site 761	
specific DCA scores. Solid black line = mean solution from 10,000 age iterations, solid grey 762	
line = 1sd error and dashed grey line = 2sd error. Red line = broken stick model, used as a test 763	
of axis significance (Bennett, 1996).  764	
 765	
Figure 6: Time series of regional EOFs, based on PCA analysis of local DCA scores.  Black 766	
lines = median timeseries, dark shading = 90% confidence intervals and pale shading = 68% 767	
confidence intervals. 768	
 769	
Figure 7: Biplot depicting variable loading upon each EOF. Site is depicted in colour (see 770	
legend inset), and site-specific DCA axis is indicated by the number of each point. Error bars 771	
depict 2sd error.   772	
 773	
 774	
 775	
 776	
 777	
 778	
 779	
 780	
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